I. Introduction
Theparadigm of modern drug discovery has primarily been based on the search for drug leads against a preselected therapeutic target followed by subsequent testing of the derived drug candidates (Drews, 1997b (Drews, , 2000 Ohlstein et al., 2000) . Continuous effort has been made to explore the targets of highly successful drugs, and increasing interest has been directed to the identification of new targets (Drews, 1997a (Drews, ,b, 2000 Ohlstein et al., 2000; Terstappen and Reggiani, 2001) . Rapid advances in genomics (Debouck and Metcalf, 2000; Peltonen and McKusick, 2001) , protein structures (Sali, 1998) , proteomics (Dove, 1999) , and molecular mecha-nisms of diseases (Macdonald, 2000; Baker and Wood, 2001 ) not only enable the search for new targets, but also facilitate the study of existing targets for finding clues to new target identification and for probing the molecular mechanisms of drug actions, adverse drug reactions, and the pharmacogenetic implication of variations in gene sequences and in the profiles of expression and post-transcriptional processing (Macdonald, 2000; Cotsarelis and Millar, 2001; Evans and Johnson, 2001; Nicholls, 2003) .
These advances (Macdonald, 2000; Baker and Wood, 2001; Cotsarelis and Millar, 2001; Hoffman and Dressman, 2001 ) and the development of target identification and validation technologies (Drews, 2000; Lizotte-Waniewski et al., 2000; Walke et al., 2001; Ilag et al., 2002) have led to the discovery of a growing number of new and novel targets (Chiesi et al., 2001; Kumar et al., 2001; Matter, 2001; Greenfeder and Anthes, 2002; Helmuth, 2002; Lark and Morrison, 2002) . A study undertaken in 1996 showed that there were ϳ500 targets (Drews, 1997b (Drews, , 2000 , 120 of which have been reported to be the identifiable targets of currently marketed drugs (Hopkins and Groom, 2002) . The latest number of reported targets collected in the Therapeutic Target Database (Chen et al., 2002) (http://bidd.nus.edu.sg/group/ttd/ttd.asp) is 997 distinct proteins (undivided into subtypes), 1494 distinct protein subtypes, and 41 nucleic acids. These include 268 successful targets, which are targeted by at least one marketed drug, and 1267 research targets, which are only targeted by investigational agents not approved for clinical use at present. A relatively small percentage of research targets are known to have become successful targets since 1996 (Zambrowicz and Sands, 2003) . The significant increase in the number of successful and research targets is probably due in large part to a combination of increasing exploration of disease-specific protein subtypes of existing targets and new information about previously unknown or unreported targets of existing drugs and investigational agents (Leurs et al., 1998; Vane et al., 1998; Kennedy and Ramachandran, 2000; Torphy and Page, 2000) .
Statistical analysis of disease genes and related proteins suggested that the total number of the estimated potential targets in the human genome ranges from 600 to1500 (Hopkins and Groom, 2002) . Investigation of the yeast genome found that antifungal targets constitute 2 to 5% of the genome (Hopkins and Groom, 2002) . With the assumption of a similar percentage of targets, the number of potential targets in disease-related microbial genomes can be roughly estimated to be Ͼ1000. A typical viral genome contains one to four targets (Miller and Hazuda, 2001; Wen et al., 2003) , which gives a crude estimate of Ͼ100 potential targets in disease-related viral genomes. Therefore, the total number of distinct targets is probably in the range of 1700 to 3000. Identification and exploration of these targets are important for the drug discovery communities to find new therapeutic agents and more effective treatment options (Chaix-Couturier et al., 2000) .
Knowledge of existing targets is useful for finding clues to new target identification. It is also important for the molecular dissection of the mechanism of action of drugs, the prediction of features that guide new drug design, and the development of tools for these tasks (Kennedy, 1997; Lizotte-Waniewski et al., 2000; Walke et al., 2001; Ilag et al., 2002; van de Waterbeemd and Gifford, 2003) . Analysis of these targets also provides useful information about general trends, current focuses of research, and areas of successes and difficulties in the exploration of therapeutic targets for the discovery of drugs against specific diseases. This article is intended to provide an overview of the progress in the exploration of therapeutic targets and to investigate the characteristics of these targets for providing useful clues to search new targets. On the basis of information from the Therapeutic Target Database (Chen et al., 2002) , sequence, structure, family representation, pathway association, tissue distribution, and genome location features of both successful and research targets are analyzed. Possible rules to guide the search for druggable proteins and the feasibility of using a statistical learning method, support vector machines, for predicting druggable proteins directly from their sequences are discussed.
II. Distribution of Therapeutic Targets with Respect to Disease Classes

A. General Distribution Pattern
Distribution of successful targets with respect to different disease classes is given in Table 1 . Disease classes are based on the international statistical classification of diseases of the World Health Organization (1992) . Neoplasms, infectious and parasitic diseases, nervous system and sense organs disorders, circulatory system diseases, and mental disorders constitute the groups with the largest number of targets. Other groups consisting of larger number of targets are respiratory system diseases, genitourinary system diseases, musculoskeletal system and connective tissue diseases, and endocrine disorders. The numbers of targets for each of these classes are 78, 78, 56, 54, 46, 35, 24, 23, and 21, respectively. Examples of successful targets in the class of neoplasms are estrogen receptors and aromatase (breast cancer), thymidylate synthase and DNA topoisomerase I (colorectal cancer), luteinizing hormone-releasing hormone (prostate cancer), and BCR-ABL (chronic myeloid leukemia). Examples in the class of infectious and parasitic diseases are HIV-1 protease (AIDS), influenza A virus M2 protein (influenza A), hepatitis B virus poly-260 merase (hepatitis B), penicillin-binding proteins and DD-carboxypeptidase (bacterial infections), hexamethylenetetraamine and dihydropteroate synthase (malaria), and 1,3-␤-glucan synthase and lanosterol-14-␣-demethylase (fungal diseases). Those in the class of nervous system and sense organs disorders are acetylcholinesterase and N-methyl-D-aspartate (NMDA 1 ) receptors (Alzheimer's disease), catechol-O-methyltransferase and D2 dopamine receptors (Parkinson's disease), ␣ 2 -and ␤ 1 -adrenoceptors (glaucoma and ocular hypertension), 5-HT 1D receptor (migraine), and / opioid receptor (drug dependence).
Additional examples of successful targets are platelet glycoprotein IIb/IIIa receptors (acute coronary syndrome), angiotensin-converting enzyme, angiotensin receptor AT1, and ␤-1 and ␣ adrenoceptors (hypertension, cardiac failure, and arrhythmias), Endothelin receptor (primary pulmonary hypertension) for circulatory system diseases; monoamine oxidase A and serotonin transporter (depression), D2 dopamine receptor (schizophrenia), GABA receptor and ␤-adrenergic receptor (insomnia and anxiety) for mental disorders; ␤ 2 -adrenergic receptor, 5-lipoxygenase, and leukotriene receptor (asthma), and -type opioid receptor (cough) for respiratory system diseases; phosphodiesterase type 5 (erectile disfunction) and muscarinic receptor M3 (overactive bladder) for genitourinary system diseases; cyclooxygenase 2, tumor necrosis factor-␣, interleukin-1 receptor (rheumatoid arthritis, osteoarthritis), and farnesyl diphosphate synthase (osteoporosis) for musculoskeletal system and connective tissue diseases; gastrointestinal lipases, fatty acid synthase (obesity), and farnesyl diphosphate synthase (hypercalcemia) for nutritional and metabolic diseases; and insulin receptor and peroxisome proliferator-activated receptor-␥ (diabetes) for endocrine disorders.
Since 1996, a number of innovative targets that are based on new mechanisms or new targets for treating diseases have emerged, which usually have large markets and become highly successful (Zambrowicz and Sands, 2003 The total number of nonredundant successful targets is 268, 120 of which are for more than one disease classes. Because of this redundancy of targets, the sum of the number of targets in these classes is greater than 268. The number of targets shared between different disease classes is also given in the table.
Indications
Disease Classes
No. of Therapeutic Targets Shared Therapeutic Targets
All Related Targets
Nonredundant Targets Circulatory system diseases 54 9 8 11 10 10 24 15 6 7 6 2 6 12 19 6 8 8 2 c
Digestive system diseases 19 4 1 11 5 3 8 9 4 3 5 1 2 5 5 3 6 1 1 d
Genitourinary system diseases 24 0 1 10 5 6 11 7 3 6 1 1 2 6 12 1 2 2 3 e Musculoskeletal system and connective tissue diseases 23 4 1 10 3 6 10 6 2 2 5 4 6 6 12 1 5 2 3 f Nervous system and sense organ diseases 56 7 2 24 8 11 10 17 4 6 3 2 7 27 13 3 14 7 2 g Respiratory system diseases 35 5 2 15 9 7 6 17 5 3 8 2 5 12 10 2 8 4 1 h Skin and subcutaneous tissue diseases 13 2 0 6 4 3 2 4 5 3 3 1 1 2 7 2 2 2 1 i Endocrine disorders 21 6 0 7 3 6 2 6 3 3 3 0 3 3 8 4 1 1 1 j Immunity disorders 18 2 1 6 5 1 5 3 8 3 3 3 6 2 9 2 3 2 1 k Infectious and parasitic diseases 78 57 0 2 1 1 4 2 2 1 0 3 4 1 17 4 1 1 2 l Inflammation 15 1 2 6 2 2 6 7 5 1 3 6 4 2 8 
B. Targets for the Treatment of Diseases in Multiple Classes
Some targets are used for the treatment of diseases from more than one class. Disease classes with higher concentration of shared targets are circulatory system diseases, neoplasms, and nervous system and sense organs disorders. For instance, there are 24, 19, and 15 targets for circulatory system diseases that are shared with those of nervous system and sense organ disorders, neoplasms, and respiratory diseases, respectively. The high concentration of shared targets in this class is partly attributed to the involvement of the circulatory system in various disease conditions. There are strong interactions between the nervous and cardiovascular systems, and it is not surprising that targets involved in the cross-talk between these systems are used for both diseases (Luchner and Schunkert, 2004) . Tumor growth relies on the formation of new blood vessels, and proteins involved in angiogenesis have been targeted for anticancer drug development as well as circulatory system diseases (Matter, 2001) . Sensory receptors in the respiratory system are known to respond to irritants and subsequently induce cardiovascular responses, and targets involved in these responses are used for symptom relief of respiratory diseases as well as for the treatment of cardiovascular diseases (Widdicombe and Lee, 2001 ).
An example of a shared target is the ␤-adrenoceptor for circulatory system diseases, nervous system disorders, and respiratory system diseases. Heart failure is known to harmfully activate sympathetic nervous system as well as the renin-angiotensin system, and these circulatory system disease-associated disorders can be treated by ␤-adrenoceptor antagonists (Toda, 2003) . ␤-Adrenoceptor antagonists have been used for the treatment of tremor and reduce the physical symptoms of anxiety (e.g., tremor and palpitations), two nervous system disorders, by blocking peripheral sympathetic responses (Emilien and Maloteaux, 1998) . ␤-Adrenoceptor agonists have been used for the treatment of asthma, a typical respiratory system disease, by dilating bronchial smooth muscle (Emilien and Maloteaux, 1998) .
Another example of a shared target is dual-specificity protein phosphatases (DSPases), which represent a subclass of the protein tyrosine phosphatases with highly conserved phosphatase active site motifs. DSPases dephosphorylate serine, threonine, and tyrosine residues in the same protein substrate, and they play important roles in multiple signaling pathways and seem to be deregulated in cancer and Alzheimer's disease (Ducruet et al., 2004) . Because of their roles and properties, there has been increasing effort to identify DSPase inhibitors that are more potent and selective than the general tyrosine phosphatase inhibitor sodium orthovanadate, for the treatment of both diseases, which has led to the discovery of several promising leads (Lyon et al., 2002) .
C. Research Targets
The number of research targets of each disease class is given in Fig. 1 along with that of successful targets. With the exception of the class of congenital anomalies, there seems to be a significant increase in the level of exploration of targets for every disease class, as evidenced by the significantly larger number of research targets than that of successful targets, which reflects intensive efforts to find effective treatment options for all diseases. Little success seems to have been made in the identification of useful targets for congenital anomalies due partly to the use of surgical therapies as the primary treatment option Scheinfeld et al., 2004) and partly to the lack of knowledge of the mechanism of the relevant diseases (Kobayashi and Stringer, 2003) . The disease classes with the largest increases of targets are neoplasms with 468 research targets versus 78 successful targets, infectious and parasitic diseases with 287 research targets versus 78 successful targets, nervous system and sense organs disorders with 171 research targets versus 56 successful targets, circulatory system diseases with 168 research targets versus 54 successful targets, nutritional and metabolic disorders with 120 research targets versus 21 successful targets, inflammation with 111 research targets versus 15 successful targets, musculoskeletal system and connective tissue diseases with 92 research targets versus 23 successful targets, and endocrine disorders with 91 research targets versus 21 successful targets.
The majority of the research targets are distributed in six classes. There are 37, 23, 13, 13, 9, and 9% of the research targets distributed in the classes of neoplasms, infectious and parasitic diseases, nervous system and sense organs disorders, circulatory system diseases, nutritional and metabolic disorders, and inflammation, respectively. Overall, the number of nonredundant research targets in these six disease classes is 708, which accounts for 56% of the total number of research targets. This number reflects the intensive efforts directed to the search for effective therapeutic agents for cancer treatment and prevention (Buolamwini, 1999; Dubowchik and Walker, 1999; Elsayed and Sausville, 2001 ), cardiovascular diseases (Persidis, 1999; Bicknell et al., 2003) , 262 inflammatory diseases (Lewis and Manning, 1999) , obesity (Campfield et al., 1998; Bray and Tartaglia, 2000; Ahima and Osei, 2001; Clapham et al., 2001) , and high cholesterol (Chong and Bachenheimer, 2000; Best and Jenkins, 2001) , Examples of specific diseases in these key classes that have a substantial number of research targets are various cancers with 468 targets (Buolamwini, 1999; Dubowchik and Walker, 1999; Elsayed and Sausville, 2001) , cardiovascular diseases with 120 targets (Persidis, 1999; Bicknell et al., 2003) , diabetes with 65 targets (Wagman and Nuss, 2001) , arthritis with 64 targets (Blake and Swift, 2004) , obesity with 57 targets (Campfield et al., 1998; Bray and Tartaglia, 2000; Macdonald, 2000; Ahima and Osei, 2001; Clapham et al., 2001 ), Alzheimer's disease with 44 targets (Irizarry and Hyman, 2001; Windisch et al., 2002) , and high cholesterol with 12 targets (Chong and Bachenheimer, 2000; Best and Jenkins, 2001) . These diseases affect a significant number of patients and thus have substantial interest has been shown in the development of new therapeutic agents for their treatment.
Another class with a high ratio of research versus successful targets is infectious and parasitic diseases, which has a ratio of 287:78. The significant increase in the number of research targets for this disease class primarily stems from the pursuit for new generations of antibiotics (Bush and Macielag, 2000) , antifungal agents (Hossain and Ghannoum, 2000) , and anti-HIV drugs (De Clercq, 2001) as well as for the development of effective drugs for malaria (Olliaro and Yuthavong, 1999 ) and a variety of viral infections such as hepatitis, herpes simplex virus, and respiratory syncytial virus (De Clercq, 2001 ).
III. Current Trends in Exploration of
Therapeutic Targets
A. Targets of Investigational Agents in United States Patents Approved in 2000 through 2004
Clues about the current trends in target exploration can be obtained from the targets described in the recently approved patents of investigational agents. Most of these patents describe molecular mechanisms, and many of them provide the identifiable target for each group of patented agents. Tables 2 and 3 give some of the successful targets and research targets described in the U.S. patents approved between January 2000 and September 2004. A total of 2080 U.S. patents of investigational agents have been approved during this period, 1606 or 77.2% of which have an identifiable target.
There are 395 identifiable targets described in these 1606 patents. Of these targets, 264 have been found in more than one patent and 50 appear in more than 10 patents. The number of patents associated with a target can be considered to partly correlate with the level of effort and intensity of interest currently being directed to it. Approximately one third of the patents with an identifiable target were approved in the past year. This suggests that the effort for the exploration of these targets is ongoing, and there has been steady progress in the discovery of new investigational agents directed to these targets. (8) Cancers, osteoporosis, arteriosclerosis, restenosis, ophthalmia DNA topoisomerases (7) DNA topoisomerase I 3 Cancers DNA topoisomerase II 6 Bacterial infections, cancers Angiotensin-converting enzyme (7) Diabetic complications, diabetic retinopathy, diabetic neuropathy, diabetic nephropathy Glucocorticoid receptor (7) Cocaine addiction , depression, Alzheimer's disease, aforementioned diseases, Diabetes Serine protease (7) Cardiovascular disorders, thrombosis, asthma Angiotensin II receptor (7 Many of the highly explored targets (those described in a large number of patents) are successful targets, which seems to indicate continuous effort and prolonged interest in the exploration of the targets of highly successful drugs for deriving new therapeutic agents. Successful targets that are described in a higher number of patents are adrenoceptor subtypes (63 distinct patents, 41 ␤-and 22 ␣-subtypes, for cardiovascular diseases, depression, hypertension, asthma, diabetes, obesity, and others), HIV protease (58 patents, for HIV infections), 5-HT receptor subtypes (43 distinct patents, 23 5-HT1, 16 5-HT2, 8 5-HT3, 2 5-HT6, and 4 5-HT7 subtypes, for depression, anxiety, eating disorders, obesity, irritable bowel syndrome, attention deficit hyperactivity disorder, bladder disorder, and others), coagulation factor Xa (47 patents, for thromboembolic disorders), substance P receptor (39 targets, for asthma, bronchitis, migraine, and others), tyrosine kinases (39 patents, for angiogenic disorders, cancer, inflammatory diseases, allergic diseases, and others), cyclooxygenase 2 (38 patents, for inflammation, senile dementia, cancer, asthma, and congestive heart failure), thrombin (36 patents, for thrombosis, myocardial ischemia, myocardial infarction, and others), NMDA receptors (27 patents, for central nervous system disorders), opioid receptors (25 patents, for depression, pain, inflammation, arthritis, pruritus, alcohol and drug dependence, and others), inducible nitric oxide synthase (24 patents, for inflammation, pain, arthritis, asthma, bronchitis, and others), muscarinic receptors (22 patents, for Alzheimer's disease, pain, glaucoma, and others), and adenosine receptors (22 patents, for asthma, inflammation, diabetes, coronary artery disease, hepatic fibrosis, renal dysfunction, and others).
Research targets that are described in a higher number of patents are matrix metalloproteinase (79 patents, for cancers, tissue ulceration, abnormal wound healing, periodontal disease, bone disease, diabetes, arthritis, atherosclerosis, inflammation, and others), phosphodiesterase 4 (49 patents, for inflammation, asthma, prostate diseases, osteoporosis, and others), ␣v␤ 3 integrin receptor (39 patents, for angiogenic disorders, inflammation, bone degradation, cancer, diabetic retinopathy, thrombosis, and others), farnesyl-protein transferase (26 patents, for arthropathies, arthritis, gout, cancers, 
B. Progress and Difficulties in Target Exploration
Some of these highly explored research targets were used for drug development well before 2000. Various degrees of progress have been made toward discovery and testing of agents directed at these targets. However, for some of these targets, many difficulties remain to be resolved before viable drugs can be derived. The appearance of a high number of patents associated with these targets partly reflects the intensity of efforts for finding effective drug candidates against these targets.
Farnesyl-protein transferase inhibitors have been designed and tested as novel agents for the treatment of myeloid malignancies since the early 1990s (Gibbs et al., 1993) . Initially developed to inhibit the prenylation necessary for Ras activation, their mechanism of action seems to be more complex, involving other proteins unrelated to Ras. Preliminary results from clinical trials demonstrated inhibition of enzyme target, a favorable toxicity profile and promising efficacy (Jabbour et al., 2004) . This led to the initiation of phase II trials in a variety of hematologic malignancies and disease settings (Karp and Lancet, 2004) .
Phosphodiesterase 4 (PDE4) has been explored as the target of novel anti-inflammatory agents since the mid1990s (Barnette et al., 1996) . The rationale for selecting this target comes, in part, from the clinical efficacy of theophylline, an orally active nonselective PDE inhibitor. It has been found that intracellular cyclic adenosine monophosphate levels regulate the function of many of the cells thought to contribute to the pathogenesis of respiratory diseases such as asthma and chronic obstructive pulmonary disease, and these cells also selectively express PDE4 (Spina, 2003) . Recent clinical studies of selective PDE4 inhibitors such as cilomilast and roflumilast for the treatment of inflammatory lung disease showed positive results that offer some optimism, and efforts are being made to reduce the side effect of these drug candidates (Spina, 2003) .
Matrix metalloproteinases (MMPs) have been targeted for cancer and other diseases since the early 1990s (Docherty et al., 1992) . MMPs degrade the extracellular matrix, promote tumor invasion and metastasis, and regulate host defense mechanisms and normal cell function. Blocking all MMPs may not lead to a positive therapeutic outcome. So far, most clinical trials of MMP inhibitors have not yielded good results, due primarily to the lack of subtype selectivity, bioavailability, and efficacy and in some cases inappropriate study design (Ramnath and Creaven, 2004) . Intensive efforts are being directed at the discovery of potent, selective, orally bioavailable MMP inhibitors for the treatment of cancer. There has been encouraging news about some inhibitors, such as ABT-518, that have entered into phase I clinical trials in cancer patients (Wada, 2004) .
Intensive research efforts have been directed at development of ␤ 3 -adrenergic receptor (␤ 3 -AR) selective agonists for the treatment of type 2 diabetes and obesity in humans since early 1990s (Howe et al., 1992) . These agonists have been observed to simultaneously increase lipolysis, fat oxidation, energy expenditure and insulin action leading to the belief that this receptor might serve as an attractive target for the treatment of diabetes and obesity. However, drug design efforts have been hindered by the obstacles in the pharmacological differences between rodent and human ␤ 3 -AR, the lack of selectivity of leads, and unsatisfactory oral bioavailability and pharmacokinetic properties of tested agents (de Souza and Burkey, 2001) . A recent test of ␤ 3 -AR agonists directed at the human receptor showed promising results in their ability to increase energy expenditure in humans after a single dose. However, they do not seem to be able to sustain their effects when administered chronically. Further clinical testing will be necessary, using compounds with improved oral bioavailability and potency, to help assess the physiology of the ␤ 3 -AR in humans and its attractiveness as a potential therapeutic for the treatment of type 2 diabetes and obesity (de Souza and Burkey, 2001) .
Inspection of the targets reported in these patents also provides useful information about the progress for the search of new targets. Examples of newly explored targets are 88-kDa glycoprotein growth factor for the treatment of cancer (Serrero, 2001) , anandamide amidase for pain (Makriyannis et al., 2002) , FK506-binding protein 4 for neurological disorders (Wythes et al., 2000) , galanin receptor type 2 for central nervous system disorders (Scott et al., 2000) , ␥-secretase for Alzheimer's disease (Teall, 2001) , glycogen synthase kinase-3␤ for diseases characterized by an excess of Th2 cytokine (Gong et al., 2001) , orexin receptor 1 for obesity (Branch et al., 2002) , and tripeptidyl-peptidase II for eating disorders and obesity (Schwartz et al., 2000) . Most of these new research targets are being explored for the treatment of high-impact diseases needing effective or more treatment options.
C. Targets of Subtype-Specific Drugs
There are 62 targets being explored for the design of subtype-specific drugs, which represents 15.7% of the 395 identifiable targets in U.S. patents approved in 2000 through 2004. Compared with the 11 targets of FDAapproved subtype-specific drugs during the same period, a significantly larger number of targets are being explored for the design of subtype-specific drugs. However, 268 the percentage of these targets with respect to the total number of targets in U.S. patents is smaller than that of the FDA-approved drugs during the same period, which seems to indicate the level of difficulty of finding subtype-specific agents directed at a variety of targets. For instance, although there are 79 patents for MMP, only three patents describe subtype-specific investigational drugs. These are MMP-9 inhibitors (Bein and Simons, 2001 ), MMP-4 inhibitors (Greene and Rosen, 2001) , and MMP-13 inhibitors (Picard and Wilson, 2002) .
The targets with a higher number of patents of subtype-specific investigational drugs are phosphodiesterase 4 with 49 patents (for the treatment of asthma, inflammation, and osteoporosis), cyclooxygenase 2 with 38 patents (inflammation, cancer, and others), adrenoceptor ␤ with 41 patents (hyperglycemia, obesity, gastrointestinal disorders, and others), adrenoceptor ␣ with 22 patents (hypertension, pain, gastric ulcers, vascular diseases, and others), phosphodiesterase 5 with 19 patents (sexual dysfunction), cytochrome P450RAI with 15 patents (diseases responsive to retinoid treatment), 5-HT1 receptor with 17 patents (depression, eating disorders, obesity, headache, and others), 5-HT2 receptor with 12 patents (irritable bowel syndrome), 5-HT3 receptor with 8 patents (blood glucose control), and 5-HT7 receptor with four patents (bladder disorder and urinary retention).
IV. Characteristics of Therapeutic Targets
A. What Constitutes a Therapeutic Target?
The majority of clinical drugs achieve their effect by binding to a cavity and regulating the activity, of its protein target. Specific structural and physicochemical properties, such as the "rule of five" (Lipinski et al., 2001) , are required for these drugs to have sufficient levels of efficacy, bioavailability, and safety, which define target sites to which drug-like molecules can bind. In most cases, these sites exist out of functional necessity, and their structural architectures accommodate target-specific drugs that minimally interact with other functionally important but structurally similar sites. These constraints limit the types of proteins that can be bound by drug-like molecules, leading to the introduction of the concept of druggable proteins (Hopkins and Groom, 2002; Hardy and Peet, 2004) . Druggable proteins do not necessarily become therapeutic targets (Hopkins and Groom, 2002) ; only those that play key roles in diseases can be explored as potential targets. Nonetheless, analysis of the characteristics of these druggable proteins is useful for facilitating molecular dissection of the mechanism of drug targeting and for guiding the search for new targets.
Certain characteristics are expected for therapeutic targets (Hopkins and Groom, 2002) . These targets play critical and preferably unsubstitutable roles in disease processes. They have certain level of functional and structural novelty to allow for drug specificity. They are not significantly involved in other important processes in humans to limit potential side effects. Expression of these targets is either at a constrained level or tissue selective to allow for sufficient drug efficacy. Drug-binding sites are expected to have certain structural and physicochemical properties to accommodate high-affinity site-specific binding and subsequent regulation of protein activity by drug-like molecules. These characteristics probably define the sequence features, structural architectures, genomic signatures, and proteomic profiles of therapeutic targets and their roles at the pathway, cellular, and physiological levels.
Useful hints about some of the characteristics of therapeutic targets may be probed by analyzing their sequence properties, protein families, structural folds, biochemical classes, similarity proteins, gene locations in the human genome, and associated pathways. These hints may be potentially used for deriving rules and developing predictive tools for searching druggable proteins from genomic data. As part of the effort for supporting such a goal, relevant features of 268 successful targets and 1267 research targets have been described.
B. Protein Families Represented by Therapeutic Targets
The sequence and functional similarities within a protein family usually indicate general conservation of binding site architecture between family members. If a drug can specifically target one member of a family, then it is possible to design molecules of similar physicochemical properties for specific binding to some of the other members of the family, and multiple members of a family have been explored for developing drugs with different therapeutic applications (Chantry, 2003; Gronemeyer et al., 2004) . A recent analysis of the identifiable drug-binding domains of 399 targets (including 120 successful targets) suggested that these targets are represented by 130 protein families, nearly half of which are represented by six families (Chantry, 2003) , which indicate the level of extensive exploration of multiple members of specific families as therapeutic targets.
With the availability of the information of a significantly higher number of targets than that used in the recent analysis, it is of interest to reinvestigate family representations of therapeutic targets. There are 190 successful targets and 1035 research targets with identifiable drug-binding domain. Analysis of the Pfam (Bateman et al., 2004) protein family of these domains found that these targets are represented by 88 and 357 families, respectively.
Approximately 47% of the 190 successful targets fall into 10 families. These, in terms of Pfam family names, are 7-transmembrane receptor rhodopsin family (32 targets), nuclear hormone receptor (11 targets), zinc finger (11 targets), ion transport protein (seven targets), protein kinase (five targets), short-chain dehydrogenase DRUG TARGET DISCOVERY, EXPLORATION, AND PROPERTIES 269 (four targets), amino acid permease (four targets), cytochrome P450 (four targets), neurotransmitter-gated ion channel 1 (four targets), fibronectin type III domain (four targets), and sodium/neurotransmitter symporter (three targets).
Approximately 41% of the 1035 research targets fall into 24 families, which include 7-transmembrane receptor rhodopsin family (94 targets), protein kinase (61 targets), immunoglobulin (25 targets), trypsin (21 targets), ion transport protein (18 targets), SH2 domain (17 targets), nuclear hormone receptor (16 targets), zinc finger (15 targets), fibronectin type III domain (15 targets), receptor family ligand binding region (12 targets), phorbol ester/diacylglycerol binding domain (12 targets), leucine-rich repeat (12 targets), ankyrin repeat (11 targets), papain family cysteine protease (10 targets), lectin C-type domain (10 targets), matrixin (nine targets), small cytokines (nine targets), 3Ј5Ј-cyclic nucleotide phosphodiesterase (eight targets), hemopexin (eight targets), ATP-binding cassette transporter (seven targets), hormone receptor (seven targets), eukaryotic-type carbonic anhydrase (seven targets), short-chain dehydrogenase (six targets), and neurotransmitter-gated ion channel (six targets).
Overall, 42% or 518 of the 1225 successful and research targets are distributed in 26 protein families, which include all of the six top target-representing families found in the recent study (Chantry, 2003) . The remaining 58% or 707 targets are distributed in 358 families. There are seven families both in the top 10 families of successful targets and top 22 families of the research targets. These are 7-transmembrane receptor rhodopsin family, ligand-binding domain of nuclear hormone receptor, protein kinase domain, short-chain dehydrogenase, neurotransmitter-gated ion-channel ligand binding, ion transport protein, and zinc finger.
Two parallel lines of target exploration are indicated. One is the extensive use of successful targets and additional members of a relatively small group of protein families. On average, 20 targets from each of the 26 heavily used families have been explored. The other is the exploration of a diverse range of proteins in a variety of families. On average, only one or two targets from each of the other 358 protein families have been explored or are being evaluated. It is expected that more members from some of these families may be used as viable targets.
It is of interest to estimate the total number of families that represent all of the 3000 targets that are postulated to exist. If we assume that all of the 1535 currently explored targets are viable ones, which is doubtful but does not significantly affect our estimate, there are ϳ1500 undiscovered targets. If these undiscovered targets roughly follow the same pattern of protein family representation as the currently explored targets, it is expected that 40% of them are from a relatively small group of families, probably no more than a few dozen.
Moreover, the bulk, say 60%, of the remaining 60% of these targets is probably from the 358 families that represent 60% of the currently explored targets. Therefore, there are no more than 24% of the undiscovered targets that are from protein families not represented by the known targets, and these targets are represented by no more than 400 families. This gives a crude estimate of no more than 800 target-representing protein families, which is likely to be substantially less, for all of the therapeutic targets. The total number of protein families in the Pfam database is 7677 (Bateman et al., 2004) . Thus, target-representing families account for Ͻ11% of all protein families, and 40% of the targets are expected to be represented by just a few dozen families.
C. Structural Folds
A common feature of targets in a particular family is the general conservation of binding site architecture. Binding sites of drugs are usually located within a specific cavity of their target proteins, and drug binding is primarily facilitated by hydrophobic, aromatic stacking, hydrogen bonding, and van der Waals interactions (Yu et al., 2003) . Certain constrains on the architectures of drug-binding domains are expected for accommodating the binding of the target-specific rule-of-five small molecules that minimally interact with other functionally important but structurally similar sites. There have been reports about specific drug-domain architecture (Benke et al., 1997; Poulos, 1988; Striessnig et al., 1998) .
Because of the distribution of therapeutic targets in a relatively small number of protein families, it is expected that these targets are represented by a relatively small number of structural folds. Examination of the structural folds of the drug-binding domains can therefore shed light on the structural characteristics of therapeutic targets. Structural folds of proteins can be obtained from the SCOP database (Andreeva et al., 2004) , which contains 1133 structural folds (Release 1.69) generated from the analysis of 25,973 protein entries from the Protein Data Bank database (Sussman et al., 1998) .
There are 52 successful targets that have both an available three-dimensional structure and an identifiable drug-binding domain. Analysis of the SCOP structural folds of these targets shows that they are represented by 29 folds, which are given in Table 4 . Approximately 60% of these targets are represented by just eight folds. These eight folds, given by SCOP fold names, are nuclear receptor ligand-binding domain (eight targets), triosephosphate isomerase ␤/␣-barrel (six targets), protein kinase-like (four targets), 4-helical cytokines (three targets), NAD(P)-binding Rossmannfold domains (three targets), trypsin-like serine proteases (three targets), ␣/␤-hydrolases (two targets), and galactose-binding domain-like (two targets).
There are 283 research targets that have both an available three-dimensional structure and an identifiable drug-binding domain, which are represented by 107 270 folds. Of these targets 60% are represented by 21 folds. These include protein kinase-like (21 targets), 4-helical cytokines (14 targets), trypsin-like serine proteases (14 targets), P-loop-containing nucleoside triphosphate hydrolases (12 targets), zincin-like (12 targets), triosephosphate isomerase ␤/␣-barrel (11 targets), interleukin 8-like (nine targets), cysteine proteinases (eight targets), cystine-knot cytokines (eight targets), nuclear receptor ligand-binding domain (eight targets), C-type lectin-like (seven targets), NAD(P)-binding Rossmann-fold domains (seven targets), immunoglobulin-like ␤-sandwich (six targets), caspase-like (five targets), flavodoxin-like (five targets), acid proteases (four targets), ␣/␤-hydrolases (four targets), concanavalin A-like lectins/glucanases (four targets), knottins (four targets), phosphorylase/hydrolase-like (four targets), and PLP-dependent transferases (four targets).
D. Biochemical Classes
Distribution of successful and research targets with respect to biochemical classes is given in Figs. 2 and 3 respectively. Biochemical classes include enzymes, receptors, nuclear receptors, channels, and transporters, factors and regulators (factors, hormones, regulators, modulators, and receptor-binding proteins involved in a disease process), antigens, and the remaining binding proteins not covered in other classes, structural proteins (nonreceptor membrane proteins, adhesion molecules, envelop proteins, capsid proteins, motor proteins, and other structural proteins), and nucleic acids (Drews, DRUG TARGET DISCOVERY, EXPLORATION, AND PROPERTIES 271 2000). The targets unable to be assigned into any of these biochemical classes are tentatively grouped into a separate "unknown" class. The overall distribution pattern of successful targets and that of research targets are roughly similar to the pattern of the 120 successful targets (Hopkins and Groom, 2002) and that of the targets with drug-like leads (Drews, 1997b (Drews, , 2000 . The class with the largest number of targets is enzymes, which includes 134 successful and 551 research targets representing 50 and 44% of the total number of successful and research targets, respectively. The second largest group of successful targets is receptors with 61 targets representing 23% of successful target population. The second largest group of research targets is factors and regulators with 242 targets representing 18% of the research target population, which is compared with the corresponding group of eight successful targets that represents only 3% of the total successful target population. Thus, there seems to be a dramatic increase in the number of factors and regulators being explored for the treatment of a variety of diseases including cancers (Darnell, 2002) , autoimmune diseases (Eggert et al., 2004) , inflammation, diabetes, and neurodegenerative diseases (Collins, 2004) .
Target distribution profiles of the groups with a substantial number of successful targets are channels and transporters with 32 targets representing 12% of the successful target population, nuclear receptors with 15 targets representing 6% of the successful target population, and factors and regulators with eight targets representing 3% of the successful target population. The distribution patterns of the research target groups are receptors with 230 targets representing 18% of the research target population, channels and transporters with 75 targets representing 6% of the research target population, structural protein with 56 targets representing 4.4% of the research target population, antigens and other substrate-binding proteins with 50 targets representing 4% of the research target population, nucleic acids with 36 targets representing 3% of the research target population, and nuclear receptors with 19 targets representing 1% of the research target population.
E. Human Proteins Similar to Therapeutic Targets
In the present day drug development processes, drug candidates have frequently been intentionally designed to bind to their target specifically and to avoid strong interactions with other human protein members of the same protein family to which the target belongs (Drews, 1997a (Drews, ,b, 2000 Ohlstein et al., 2000; Terstappen and Reggiani, 2001 ). The successfully designed agents are thus less likely to significantly interfere with the function of human proteins of the same family, reducing the risk of some of the potential unwanted effects. However, their possible interactions with human proteins outside the family are not intentionally avoided at the design stage, and the potential unwanted effects associated with some of these interactions can only be detected at the later testing stages. Therefore, it tends to be easier to find successful drugs for those targets that have fewer human similarity proteins outside of their family. One can then speculate that targets with fewer human similarity proteins outside their family tend to be more likely to be explored for drug development.
Some crude estimates about the number of human similarity proteins outside the family of each individual target can be provided by conducting a sequence similarity search against the 59,618 proteins in the human genome that are currently available in protein databases. The derived target characteristics depend on the choice of parameters of bioinformatic tools and the quality of data sources. In estimating the number of similar proteins for each target, a stricter Position-Specific Iterated-Basic Local Alignment Search Tool cutoff e value ϭ 0.001 was used. This value has been reported to reliably predict homologous relationships (George and Heringa, 2002) , and it can be used to find 16% more structural relationships in the SCOP database than that using standard sequence similarity with a 40% sequence-identity threshold (Gerstein, 1998) . Most protein pairs that share 40ϳ50% or higher sequence identity differ by less than 1Å RMS deviations (Wood and Pearson, 1999; Koehl and Levitt, 2002) , and a larger structural deviation likely alters drug binding properties. Therefore, the adopted e value seems to be reasonable for selecting those similarity proteins relevant to the binding of a common set of drugs. Nonetheless, a small percentage of protein pairs of higher sequence identity have been found to differ by larger RMS deviations (Wood and Pearson, 1999) , and some protein pairs of low sequence identity may also have high structural similarity, which likely affects the accuracy of our analysis to some extent. Table 5 summarizes the results of a Basic Local Alignment Search Tool search of the drug-binding domain of each of the 190 targets with identifiable drug-binding domain against available human proteins. Approximately 51% of the targets have Ͻ6 human similarity proteins outside their respective family, and a further 19% of the targets have 6 to 10 similarity proteins. This finding seems to support the postulation that targets with fewer human similarity proteins outside their family tend to be more likely to be explored for drug development.
However, a smaller number of human similarity proteins outside the family of a target is not a necessary condition for finding successful drugs. It merely makes the tasks for finding successful drugs against these targets easier as the probability of unwanted interactions with human proteins outside the family is reduced. For targets with a higher number of similarity proteins, it is still possible to find agents that can specifically bind to a particular target and has no significant interactions with human proteins both inside and outside of the family to which the target belongs. This theory is sup-272 ported by the existence of several successful targets with more than 80 human proteins outside the family of the respective target.
F. Associated Pathways
Association of a target with a fewer number of pathways tends to reduce the chance of unwanted interference with other processes, and these targets are more likely to be successfully discovered and explored for generating a higher number of clinical drugs. This theory can be tested by studying the 132 successful targets that have available pathway information in the KEGG database (Kanehisa, 2002) . Table 6 gives the statistics for the number of pathways in which these targets are involved. There are 64 (49%), 36 (27%), and 15 (11%) targets found to be associated with 1, 2, and 3 pathways, respectively. Each of the remaining targets is involved in Ͼ3 pathways. Some indications about the success rate of the exploration of the targets in each group can be probed by looking at the highest number of clinical drugs directed at any single target in each group. From Table 6 , it is found that the groups of targets associated with Ͻ3 pathways have a substantially higher number of clinical drugs than those associated with Ͼ3 pathways, which seems to support the hypothesis that targets associated with a fewer number of pathways tend to be more successfully explored.
G. Tissue Distribution
Some therapeutic targets have been chosen primarily because of their high and selective expression in specific tissues, despite the existence of unfavorable conditions such as high expression abundance (Debouck and Metcalf, 2000) . Efforts have been made to more broadly use tissue-selective strategies (Blagosklonny, 2003) . This raises an interest for studying tissue distribution patterns of the successful targets to find out to what extent tissue specificity has already been used in existing therapeutics. There are 158 successful targets with available information about tissue distribution in human. Their tissue distribution patterns are given in Table 7 . Of these targets 53% are distributed in less than three tissues, which seems to indicate that tissue selectivity may be an important factor for the successful exploration of some of these targets.
In estimating the number of affiliated tissues of each target, relevant data from the Swissprot database were used. We were able to find the published literature for 92% of these data, and a random check of these publications confirms the quality of the data. We have also used the level-4 tissue-distribution data from another database, TissueDistributionDBs (http://genome.dkfzheidelberg.de/menu/tissue_db/index.html), to derive the tissue distribution pattern of the same set of 158 targets. A target is assumed to be primarily distributed in a tissue if no less than 8% of the total protein contents are distributed in that tissue. Approximately 28, 24, 19, 10, 6, 6, 5 , and 1% of these targets were found to be affiliated with 1 to 8 tissues, respectively, which are roughly similar to those derived from Swissprot data, although the definition and content of these databases are somehow different. Therefore, our estimated tissue distribution profiles are quite stable even though the exact percentages may differ by some degrees. 
H. Chromosome Locations
Members of a protein family are known to be distributed in specific clusters in genomes (Yanase et al., 2004; Zhang et al., 2004) . Functionally similar but nonhomologous proteins have also been found to be located at specific regions of genomes, which allows these proteins to be similarly regulated (Feldman and Segal, 2004) . A large percentage of therapeutic targets are from multiple members of specific protein families or nonhomologous proteins of similar function of other targets. It is thus of interest to study the distribution pattern of existing human targets in the human genome to determine whether there is any level of clustering of these targets in specific regions of the chromosomes. FIG. 4 . Distribution patterns of human therapeutic targets in 23 human chromosomes. These patterns are arranged from the left to right for chromosome 1, 2, . . . , 22, and X, respectively. For each chromosome, the pattern of successful targets is given on the left and that of research targets is given on the right. The location of each target in a chromosome is marked by a line, with a red line for a successful target and a black line for a research target. Distribution patterns of the human successful and research targets in each of the 23 chromosomes are given in Fig. 4 . These patterns are arranged from the left to right for chromosome 1, 2 . . . 22, and X, respectively. For each chromosome, the pattern of successful targets is given on the left and that of research targets is given on the right. The location of each target in a chromosome is marked by a line, with a red line for a successful target and a black line for a research target. It seems that a substantial percentage of research targets are more densely distributed in or near the regions of higher concentration of successful targets. Thus, there seems to be some level of clustering of targets at specific regions where successful targets are located.
The chromosomes with larger numbers of targets are chromosome 1, 3, 11, and 17. Chromosomes 2, 7, 12, and 19 also contain relatively higher concentrations of targets. Distribution of targets in certain chromosomes seems to be less even than that in other chromosomes. In particular, there are specific sections of larger numbers of targets in chromosomes 1, 3, 5, 9, 12, 17, and 19 . Targets in the rest of chromosomes are relatively evenly distributed.
V. Can Druggable Proteins Be Predicted from
Their Sequence?
Advances in high-throughput gene sequencing have led to rapid identification of thousands of novel genes, mostly without a known function. For the pharmaceutical industry, the sequencing of the human genome and the genomes of disease species proved to be both a blessing and a curse. Where potential targets were once hard to come by, the industry is now awash with them. This has left drug discovery communities with the difficult task of shifting through the gene data to find novel targets (Debouck and Metcalf, 2000; Smith, 2003) . Genomics approaches such as large-scale gene expression analysis, functional screens in model organisms, genome scans for disease susceptibility genes, and the search for new members of effective drug target classes have enabled the finding of countless candidates for many diseases (Sanseau, 2001; Desany and Zhang, 2004; Dohrmann, 2004) . Determination of which of these candidates are druggable still relies on experimental studies. Methods that facilitate the identification of druggable proteins from these candidates or directly from genomes are thus particularly useful for target identification.
Investigations of the features of known therapeutic targets from earlier studies (Hopkins and Groom, 2002; Hardy and Peet, 2004) and in the previous sections suggest that targets have certain common characteristics, which may be used as the basis for deriving rules for identification of druggable proteins from their sequence in a manner to that of rule-based methods (such as the rule of five) for predicting "drug-like" compounds from their structures (Lipinski et al., 2001; Baurin et al., 2004) . Statistical learning methods have also been successfully applied for developing tools for predicting druglike molecules from their structures on the basis that they have common structural and physicochemical features (Byvatov et al., 2003; Zernov et al., 2003) . It is expected that these statistical learning methods are equally applicable for predicting druggable proteins from their sequences on the basis that druggable proteins share common characteristics.
A. "Rules" for Guiding the Search for Druggable Proteins
Based on the characteristics of therapeutic targets described in earlier studies (Hopkins and Groom, 2002; Hardy and Peet, 2004) and in the previous sections, it seems that the following rules can be proposed for guiding the search of druggable proteins:
• The protein is from one of the target-representing protein families. The number of these families is currently estimated to be no more than 800. So far, 88 confirmed families (each containing at least one successful target) and 357 likely families (each containing at least one research target) have been found.
• Sequence variation between the drug-binding domain of a protein and those of the other human members of its protein family needs to allow a sufficient degree of differential binding of a rule-of-five molecule to the common binding site.
• The protein preferably has Ͻ6 human similarity proteins outside its family. Although existence of a higher number of human similarity proteins does not rule out a protein as druggable, it generally increases the chance of unwanted interferences and thus the level of difficulty for finding viable drugs (51% of the successful targets with identifiable drug-binding domain have Ͻ6 human similarity proteins).
• The protein is preferably involved in no more than two pathways in humans. Although association with a higher number of human pathways does not rule out a protein as druggable, it generally increases the chance of unwanted interferences with other human processes and thus the level of difficulty for finding a viable target (76% of the successful targets with pathway information are associated with no more than two pathways).
• For organ-or tissue-specific diseases, the protein is preferably distributed in no more than two tissues in humans. Although distribution in a higher number of tissues does not rule it out a protein as druggable, it generally increases the chance of unwanted interferences with other tissues and thus the level of difficulty for finding a viable target (53% of the successful targets with tissue distribution DRUG TARGET DISCOVERY, EXPLORATION, AND PROPERTIES information are distributed in no more than two tissues).
B. Prediction of Druggable Proteins by a Statistical Learning Method
New targets might not bear sequence similarity to known targets or known proteins. Consequently, a straightforward sequence similarity search against effective drug target classes (Sanseau, 2001 ) and known disease genes (Desany and Zhang, 2004) may not always be useful for identification of novel targets. Although targets seem to have common characteristics that are reflected in their sequences, they are from a diverse range of different families and structural folds. Thus, methods that do not rely on sequence and structure similarity are needed for facilitating the prediction of druggable proteins directly from their sequences.
Statistical learning methods, such as support vector machines and neural networks, have emerged in the last few years as attractive methods for the prediction of protein functional classes (des Jardins et al., 1997; Jensen et al., 2002; Karchin et al., 2002; Cai et al., 2003a Cai et al., , 2004 Bhasin and Raghava, 2004; Han et al., 2004) and structural classes (Zhou and Assa-Munt, 2001; Cai et al., 2003b) without the use of sequence similarity. These classes contain proteins of diverse functions and structures. Examples of some of these classes are RNA-binding proteins, EC2.7 transferases of phosphorus-containing groups, EC3.4 peptidases, and TC1.A ␣-type channels. It seems that the prediction accuracy of these methods has reached a level sufficient for facilitating the prediction of the functional and structural classes of proteins. For instance, the overall accuracy of support vector machine prediction of the functional family of 13,891 enzymes and 447 RNA-binding proteins is 86 and 98%, respectively. Thus, it is of interest to investigate the feasibility of using statistical learning methods for predicting druggable proteins from their sequences.
Currently, the support vector machine (SVM) method seems to be the most accurate statistical learning method for protein predictions (Karchin et al., 2002; Cai et al., 2003a Cai et al., ,b, 2004 Bhasin and Raghava, 2004; . Therefore, only this method is investigated here. SVM is based on the structural risk minimization principle from statistical learning theory (Burges, 1998) . Known proteins are divided into druggable and nondruggable classes; each of these proteins is represented by their sequence-derived physicochemical features (Cai et al., 2003a) . These features are then used by the SVM to construct a hyperplane in a higher dimensional hyperspace that maximally separates druggable proteins and nondruggable ones. By projecting the sequence of a new protein onto this hyperspace, it can be determined whether this protein is druggable from its location with respect to the hyperplane. It is a druggable protein if it is located on the side of druggable class.
The accuracy of SVM depends on the diversity of the protein samples used for finding the hyperspace and its hyperplane, the quality of the representation of protein features, and the efficiency of the SVM algorithm. To a certain extent, no sequence and structural similarity are required per se. Thus, SVM is an attractive approach for facilitating the prediction of classes of proteins of diverse sequences and structures, and thus the prediction of druggable proteins.
A total of 1368 sequence entries of 1535 successful and research targets are used to construct the druggable class, and 12,956 representative proteins from 6856 Pfam (Bateman et al., 2004) protein families (with all of the known target-representing families excluded from these families) are used to construct the nondruggable class. Multiple sequence entries of some viral protein targets are included in the druggable class because of significant sequence variations across strains. Proteins in each class are randomly divided into five subsets of approximately equal size. Four subsets are selected as the training set and the fifth as the testing set. This process is repeated five times such that every subset is selected as a testing set once.
The average prediction accuracy from this 5-fold cross validation study is 69.8% for druggable proteins and 99.3% for nondruggable proteins. The accuracy for nondruggable proteins is comparable but that of druggable proteins is somehow lower than those of protein functional and structural families (Karchin et al., 2002; Cai et al., 2003a Cai et al., ,b, 2004 Bhasin and Raghava, 2004; , which is expected because of the significantly higher level of sequence and structural diversity of therapeutic targets. Nonetheless, these accuracies are at a meaningful level for facilitating the prediction of druggable proteins.
To test its potential for practical applications, the constructed SVM prediction system is used to scan the human genome for identifying potential druggable proteins that are not in the training and testing sets. A total of 1102 human proteins are predicted to be druggable, which includes 153 G-protein coupled receptors, 65 other receptors, 333 enzymes, and 56 channels. These numbers are within the estimated numbers of druggable proteins and therapeutic targets in the human genome. For instance, the total number of druggable proteins and actual targets in the human genome has been estimated to be ϳ3000 and ϳ1500, respectively (Hopkins and Groom, 2002) , and the total number of 400 G-protein coupled receptors has been suggested to be potential targets (Wise et al., 2002) .
This SVM prediction system is further tested by comparison of its predicted druggable proteins in an HIV genome with known HIV targets. This genome is selected because it is one of the most extensively explored genomes for finding therapeutic targets, and it is highly likely that all of the potential targets in this genome have been identified (Turpin, 2003) . The National Cen-276 ter for Biotechnology Information HIV-1 genome entry NC_001802, with none of its encoded protein sequences used in the SVM training and testing sets, is used for this test, and the results are given in Table 8 . There are four successful and seven research targets in the HIV-1 genome. The SVM is able to predict two successful and six research targets as druggable. Overall, 72% of the known successful and research targets and 100% of the nontargets are correctly predicted. This prediction accuracy is consistently similar to that of the 5-fold cross-validation study.
These three tests seem to indicate that the SVM has some potential for facilitating the identification of druggable proteins from genomic data. The prediction accuracy for druggable proteins needs to be improved. One reason for the lower accuracy of druggable proteins is the large imbalance between the number of druggable and nondruggable proteins. Such a large imbalance is known to affect the accuracy of a SVM prediction system and methods for solving these problems are being developed (Bhasin and Raghava, 2004) . 
